A mong patients discharged from the hospital, those discharged after undergoing percutaneous coronary intervention (PCI) have among the highest rates of early readmission, accounting for an estimated $359 million 1 cost each year to Medicare alone. Because of their importance, hospital 30-day readmission rates are now publicly reported on a volunteer basis on the Hospital Compare website. Identifying patients at high risk for readmission is critical to targeted interventions that improve value.
unstructured information derived from medical record review can describe risk over and above structured variables that predict risk in clinical registries. [4] [5] [6] Incorporating new variables extracted from review of EHR has the potential to improve risk prediction, particularly when available structured data fail to adequately capture important prognostic variables. Manual review of EHR information, however, is time consuming. Regular expression searches, which are queries for specific text elements or strings of letters, have been used in the biochemical sciences to extract structured data from heterogeneous data formats, including genetic information, protein sequences with common features, and indexes of medical journal articles. [7] [8] [9] Natural language processing (NLP) systems run on widely available software designed in the 1950s, and some have been used previously to facilitate quality and process improvement in healthcare settings. [10] [11] [12] NLP systems identify, extract, and analyze information from free text electronic documents, creating structured data. [13] [14] [15] [16] [17] Any cost-effective effort to reduce preventable readmissions after PCI depends on accurate prospective identification of patients at increased risk. As such, automated regular expression searches have the potential to facilitate human chart review, identifying novel risk factors for readmission that could eventually improve risk models. We sought to establish the plausibility of these types of efforts by extracting unstructured and structured data fields from the EHR using a combination of a homegrown text search program followed by manual review.
Methods
Our goal was to identify variables that may be associated with an increased risk of short-term readmission after PCI, and extract these from the EHR. On the basis of clinical plausibility, we a priori identified a candidate set of clinical characteristics to examine: patient history of nonadherence, past need for medical interpreter, number of emergency department (ED) visits in the past year, a history of anticoagulation, a history of atrial fibrillation or atrial flutter, a history of homelessness, a history of end-stage liver disease, a history of malignancy, or any subjective description of patient anxiety by providers. We chose these variables because they have been associated with readmission for other conditions 3,18-24 but were not included in previous risk models for PCI readmission.
Study Population
We studied patients in the Partners PCI Readmission Project, a clinical database created from readmissions within 30 days of PCI within the Partners Healthcare system in Massachusetts. Methods involved in creation of the database and causes of readmission in the study cohort have been described previously. 25 Partners Healthcare is an integrated healthcare system founded in 1994 by Massachusetts General Hospital (MGH) and Brigham and Women's Hospital, the 2 largest hospitals affiliated with Harvard Medical School. The 2 hospitals comprise 88.8% of PCI procedures within the healthcare system. The database includes PCIs performed at MGH or Brigham and Women's Hospital between 2007 and 2011.
We used a case-control design to measure the association between candidate prognostic variables and 30-day readmission. Readmitted cases and non-readmitted controls were matched in a 1:2 ratio on the basis of predicted risk of 30-day readmission from a previously developed and validated model, 26 hospital at which index PCI was performed, and year of procedure. 27 Cases and controls were only matched if the PCI occurred within the same calendar year at the same hospital, with nearest neighbor PCI readmission risk score with a caliper width of 0.2× the SD of the logit of the risk score. The validated model includes sex, previous coronary artery bypass surgery, current congestive heart failure, chronic lung disease, peripheral arterial disease, cardiogenic shock, age, glomerular filtration rate, admission status, and insurance status. We picked a 1:2 match to enhance statistical power without excessively increasing the number of outputs requiring manual review. The initial data set of cases contains 893 readmissions, of which 888 were able to be matched to 2 appropriate controls (1776 controls). Continuity of care within this health system was not required for inclusion for either cases or controls. With this design, significant differences in the prevalence of the candidate variables between cases and controls would be evidence that these factors were associated with readmission above and beyond those variables incorporated into the risk model. The case-control design was selected to reduce the number of study subjects requiring intensive QPID-facilitated manual review (below).
Data Extraction
We processed the 888 cases and 1776 controls with Soothsayer, a program developed at MGH which both extracts structured data, such as laboratory values, from the EHR, and also allows the sequential application of a text search tool (QPID) to lists of patients. Soothsayer is an application developed on top of QPID which uses regular expressions to process the EHR. Soothsayer allows users to train and validate proposed queries by facilitating creation of manually annotated reference cohorts. Soothsayer further allows validated queries to be run against whole sets of patient charts with results output to a spreadsheet for final manual review and interpretation by a human reviewer.
We also used Soothsayer to directly extract structured data, including the serum albumin value at time of PCI and the number of ED visits within 1 year before PCI. We also applied a previously validated nonadherence query that has been previously shown 28 to correlate with the nonadherence ratio with sensitivity of 97.9% and specificity of 99.8%. The nonadherence ratio is defined as the ratio of all EHR notes in a patient's record that document nonadherence with any form of healthcare service divided by the total number of notes in the patient record.
In addition to extracting structured data and applying the previously validated nonadherence query, we used Soothsayer to sequentially apply QPID to perform novel queries that we constructed and validated. We applied these techniques for history of anticoagulation, history of atrial fibrillation/flutter, history of syncope/ presyncope, history of homelessness, history of needing a medical interpreter, history of end-stage liver disease, history of malignancy, and history of a clinician describing the patient as anxious. A trained medical record reviewer manually annotated 1480 patient notes (10 randomly selected notes each from 148 randomly selected case/control patients), designating each note as either positive or negative for each clinical variable of interest. This set of annotated records served as the reference standard for evaluation of our algorithms. Half of the annotated patients were used to train a text query (the
WHAT IS KNOWN
• Hospital readmission after percutaneous coronary intervention is common and costly. Readmission risk can be predicted using registry data with moderate discrimination.
WHAT THE STUDY ADDS
• Anticoagulation, frequency of emergency department visits before the procedure, and anxiety are all associated with early hospital readmission after percutaneous coronary intervention. • Extraction of unstructured and unconventional structured data from the electronic medical record can be used to refine risk prediction.
training set), whereas the other half was used to validate the resulting query (the validation set) to assess for overfitting. Final queries are shown with associated test characteristics in Appendix I in the Data Supplement. The queries were then run across all records for each patient in case and control data sets to facilitate data extraction, given high sensitivity of these queries in the validation process. The results of these queries were reviewed manually to eliminate false positives. The case was considered positive if at least 1 note confirmed the comorbidity or condition. A cardiologist (J.H.W.) reviewed the outputs of the queries for the clinical variables (atrial fibrillation/flutter, anticoagulation, syncope/presyncope, end-stage liver disease, malignancy, and anxiety) and a trained medical record reviewer (C. O′B.) reviewed the query outputs for the nonclinical variables (need for interpreter and homelessness). Because review of the outputs involved information directly from the medical record, reviewer blinding was not possible. Because this process required manual chart review as the final step, the role of the automated queries was to facilitate manual chart review.
After data extraction and manual review for false positives, each case and control was associated with a binary value for each of atrial fibrillation/flutter, syncope/presyncope, anticoagulation, end-stage liver disease, malignancy, anxiety, need for interpreter, and homelessness. Nonadherence ratio, albumin at time of procedure, and number of ED visits were recorded as continuous variables. The data window for anticoagulation was 30 days before or after the PCI procedure, for ED visits was 1 year before the PCI, and for albumin was 30 days before the PCI or 90 days after the PCI. Data windows for all other variables were any time before PCI. The medical records in this system were complete for inpatient admission notes, discharge summaries, and outpatient clinic visit notes since at least 2003.
Outcome
Because this project depended on detailed chart review, only readmissions to the index hospital were considered. Readmissions were defined as readmissions within 30 days of discharge from a hospitalization during which PCI was performed. Only the first readmission within 30 days for each PCI was included in the analysis. For example, if a patient received PCI during a readmission, and then was readmitted to the hospital for a third time (a second readmission), only the first readmission was included. Because inpatient admissions and observation admissions are similar from the patient perspective and both contribute to costs, both inpatient admissions and observation admissions were considered admissions.
Statistical Analysis
Cases and controls were compared with paired T tests (for binary variables) and χ 2 tests (for continuous variables). To account for the matched sets, we performed multivariable conditional logistic regression within the matched cohort, adjusted for all EHR-derived variables, with 30-day readmission as the outcome. Because of the colinearity between history of atrial fibrillation/atrial flutter and anticoagulation, we eliminated atrial fibrillation/atrial flutter as a variable in the model. To test our modeling assumptions, as a sensitivity analysis, we also estimated a model in which the 2 variables were categorized in the model as (1) atrial fibrillation and anticoagulation, (2) atrial fibrillation without anticoagulation, (3) anticoagulation without atrial fibrillation, with (4) neither atrial fibrillation/flutter nor anticoagulation as the reference variable in the model. Odds ratios were calculated and reported. To assess multicolinearity of the remaining variables, we estimated the variation inflation factor for all covariates. A variation inflation factor of >5 can be considered evidence of significant colinearity in multiple regression. 29 To assess the improvement in prediction associated with newly identified variables, we estimated C-statistics for both the previously developed registry-based model 26 
Comparison of Patients Readmitted to Index Versus Nonindex Hospitals
We have previously shown that in this health system, 32.8% of patients who are readmitted after PCI are readmitted to nonindex hospitals and we only had access to index hospital records. Therefore, to understand the generalizability of our findings, we conducted an additional analysis using a statewide database that allows us to track readmissions both to index and nonindex hospitals. Detailed methods for this secondary analysis appear in Appendix I in the Data Supplement.
The Institutional Review Board at Partners Healthcare approved this project. Because the project involved retrospective review of medical records, the need for informed consent was waived.
Results
Characteristics of both case and control patients are shown in Table 1 . Consistent with the matching process, cases and controls were similar with respect to predicted risk of readmission (16.3% for cases versus 16.2% for controls; P=0.748), distribution among hospitals (72.5% cases from MGH and 72.4% controls from MGH; P=0.951), and year of procedure (P=0.991).
Differences in Cases and Controls
Cases and controls were significantly different with respect to proportions of requiring medical interpreter (7.9% for cases and 5.3% for controls; P=0.009), number of ED visits in the past year (1.12 for cases and 0.77 for controls; P<0.001), history of homelessness (3.2% for cases and 1.6% for controls; P=0.007), history of anticoagulation (33.9% for cases and 22.1% for controls; P<0.001), history of atrial fibrillation/atrial flutter (32.7% for casesand 28.9% for controls; P=0.045), history of presyncope or syncope (27.8% for cases and 21.3% for controls; P<0.001), and history of a clinician describing the patient as anxious (69.4% for cases and 62.4% for controls; P<0.001).
Cases and controls did not significantly differ with respect to mean albumin levels at time of PCI (3.9 g/dL for both cases and controls; P=0.430), nonadherence ratio (0.0189 for cases and 0.0155 for controls; P=0.132), history of malignancy (30.3% for cases versus 27.8% for controls; P=0.173), or history of end-stage liver disease (2.8% for cases versus 3.4% for controls; P=0.394). Univariate differences in extracted data for cases and controls are shown in Table 2 .
Predictors of Readmission
Odds ratios from the multivariable logistic prediction model are shown in the Figure. After adjustment, variables that remained significant included number of ED visits (odds ratio for readmission, 1.07 [95% confidence interval, 1.02-1.13]), anticoagulation (odds ratio for readmission, 1.70 [95% confidence interval, 1.41-2.06]), and history of being described as anxious (odds ratio for readmission, 1.26 [95% confidence interval, 1.04-1.53]). Results in the sensitivity analysis were similar to the primary analysis, and as such only the primary results of the regression analysis are presented here. The highest variation inflation factor for the variables considered in the final model was 1.12, suggesting low colinearity. Cases and controls were matched based on the predicted probability of readmission based on a previously validated model. Therefore, as expected by this matching strategy, the C-statistic of the previously validated model in this specific cohort was 0.504 (no discriminative ability), and with the significant new variables added, the C-statistic improved to 0.604 (P<0.001).
Location of Readmission and Patient Clinical and Demographic Characteristics
Patients readmitted to index hospitals did not differ from patients readmitted to nonindex hospitals with respect to 8 
Discussion
Our results demonstrate that clinical information from the EHR improves the ability to predict 30-day readmission after PCI. In particular, we have shown that even after adjustment with a validated risk model with moderate statistical discrimination (C-statistic=0.69 for the previously published model), readmitted patients are more likely to have a history of homelessness, requirement for medical interpretation, anticoagulation, atrial fibrillation/flutter, anxiety described by a clinician, and a history of more frequent ED visits. Even after multivariable regression, anxiety, ED visits, and anticoagulation were independently associated with incremental risk for readmission after PCI. Because our study design involved matching cases and controls based on the previously validated risk score, the baseline C-statistic of 0.504 and the new C-statistic of 0.604 represents improvement in discriminative ability (P<0.001). Although this effort does not allow us to create a fully automated NLP system that could extract information without manual review, this does allow us in principle to establish that manual record review could be facilitated by automated techniques, increasing the quantity of reviewed records. This work also shows that some of these variables are associated with PCI readmission over and above a registryderived risk score. This work helps establish the feasibility of using unstructured data in prediction and ultimately is the first step to establishing a fully automated NLP system to predict readmission risk. These findings illustrate the potential of a combination of automated systems with manual review that extract structured data from the electronic medical record to improve quality and value. These data could feed into risk prediction calculators, which tend to be less biased than physicians' overall subjective assessments of risk. 31 Physicians are not immune from cognitive biases, logical fallacies, and false assumptions when making intuitive overall estimates of patient risk, 32 and automated risk prediction clinical support may improve physician decision making. Nevertheless, one of the limitations to decision support algorithms is the challenge of processing data not contained in structured fields. 33 In fact, one of the strengths of intuitive clinician reasoning is that although more susceptible to bias, it incorporates subjective impressions of how patient nonadherence and anxiety may affect future clinical events. Our results confirm the role of subjective clinician assessments in predicting readmission in a quantitative way. We have been able to demonstrate that subjective concepts can in fact be transformed into structured data that enhances risk prediction. This method could be applied to new data sets to extract variables that predict risk for other clinical outcomes.
For readmission after PCI, these findings reinforce the importance of variables not typically captured in registries. Anxiety has been associated with higher risk of readmission among psychiatric patients 18 and patients after coronary artery bypass surgery, 19 but lower risk of readmission among general medical patients. 34 As a combined variable, anxiety and depression are associated with readmission after exacerbations of chronic obstructive pulmonary disease 35 and pneumonia. 36 The high unadjusted rate of anxiety in our study (64.8% overall) reflects our broad definition of anxiety to include any documentation of anxiety. This broad definition biased our results toward the null hypothesis, so the fact that the variable was still independently predictive of readmission strongly suggests an association between anxiety and readmission. Our results are unique because the case-control method adjusts for readmission risk according to a validated risk score and distinguishes anxiety from other psychiatric conditions. Information on how social variables, such as low English proficiency, homelessness, and nonadherence predict readmission is scant. Readmission has been associated with limited English proficiency, 20 and with a lack of medical interpreter for those with limited English proficiency. 21 Fraility 22, 23 and cirrhosis 24 are markers of poor outcomes after procedures, and could influence readmission after PCI. Conditions such as bleeding because of anticoagulation, atrial fibrillation, and syncope/presyncope are known to cause a significant number of readmissions after PCI, 25 but may not be captured at the time of index PCI to enable inclusion in registry-derived risk models. Our results suggest that both clinical variables (anticoagulation, atrial fibrillation/flutter, syncope/presyncope, and a clinical impression of an anxious patient) and social variables (needing a medical interpreter and homelessness) are associated with readmission. Given the low frequency of documented homelessness in the testing and training set, this study does not suggest that the query is appropriate for fully automated NLP and was potentially underpowered to exclude an independent association between homelessness and PCI readmission. We have also shown that albumin levels are similar in cases and controls, suggesting that albumin is not a good proxy for frailty or that frailty does not predict PCI readmission.
These results have important implications both for quality improvement and for risk adjustment. First, we have identified variables associated with readmission that may improve models that can prospectively identify patients. Second, adding these variables to a risk model may improve the modest discrimination of the model. In our study, homelessness and lack of English proficiency were both associated with risk of readmission in univariate analyses, and there was a trend toward statistical significance in the multivariable model. Because these variables are not included in models that adjust for risk, hospitals that care for more limited English proficiency or homeless patients could appear as low performers on this metric. Third, combined with our previous findings that younger 26 patients are at high risk for readmission after PCI and the most common reason for readmission is low-risk chest pain, 25 our results suggest that anxiety about recurrent coronary disease symptoms in low-risk patients may be an actionable target for preventing readmissions.
We view the primary contribution of this work as establishing that semiautomated methods can be used to facilitate manual chart review, extracting predictive information that is different than and additive to predictive information derived from large registries. The lack of discrimination of the original model was by design, because cases and controls were matched by the previously validated risk score. Our case-control design does not allow the calculation of a new C-statistic that incorporates both the registry variables and the semiautomated chart review variables, but does allow us to demonstrate incremental improvement. Furthermore, this work suggests that a middle ground may exist between the intensive work and low statistical power of traditional chart review and the absence of granular and subjective information from large registries. Here, we have not established the discrimination of a mixed model containing both types of predictors. Rather, we have established that extracting such information is feasible and adds predictive value. We think that this work suggests that future efforts to prospectively derive readmission prediction models based on both registry variables and data derived from semiautomated chart review may improve the traditionally moderate discrimination of readmission prediction models.
Our results should be interpreted in the context of several important limitations. First, because we were examining medical records, we only considered readmissions to the index hospitals at which PCI was performed. We have previously shown that 67.2% of readmitted patients within this healthcare system are readmitted to the index hospital, but those readmitted to other hospitals are readmitted with different diagnoses. 25 Because patients readmitted to nonindex hospitals may differ than those readmitted to index hospitals, our results may not apply well to those admitted elsewhere. We are reassured, however, by our additional analysis that demonstrated similar clinical characteristics of patients readmitted to index and nonindex hospitals. Nevertheless, some differences-notably with respect to sex, race, and insurance status-limit the generalizability of our findings. Second, eastern Massachusetts is characterized by a low number of uninsured patients and as such the extent we can generalize our findings to other areas with less access to care is uncertain. Third, because we used case-control design, the difference in C-statistic between the previously validated model and the previously validated model plus the newly derived variables may overestimate 
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Odds ratios for readmission after multivariable logistic regression.
our discriminative ability. 37 We chose a case-control method to reduce the number of medical records that required manual review. Nevertheless, the Soothsayer automated support allowed us to review many more medical records than previous studies of PCI readmission based on chart review. 25, 38 Fourth, our methods involved access to data that had already been assembled into a registry. Many EHR systems have limited capability to export data to registries, so repeat of this type of analysis requires access to a clinical registry. Fifth, because our results were derived from an EHR within a single integrated healthcare system, our results may be overfit to patterns of words and phrases. At other hospitals, different language queries might identify clinical variables differently. Sixth, we only tested certain prespecified variables in this study. The effect estimates associated with each variable might be reduced if tested alongside a broader set of candidate variables. Seventh, because positive results only required one finding in the EHR, patients with fewer electronic health notes such as patients who receive care outside the network or patients with less follow-up could have introduced bias. We are reassured, however, that in his health system the electronic medical record was introduced well before 2007 (in the 1960s) and we did not detect differences in positive and negative proportions of predictor variables among different years. Finally, we think associations between patient characteristics should be regarded as hypothesis-generating, and we have not been able to show that interventions to reduce these risk markers for readmission in fact lead to lower readmission rates. Such hypotheses should be tested in prospective trials.
In conclusion, we have demonstrated that extraction of unstructured and novel structured data from the EHR can identify variables associated with early readmission after PCI over and above a registry-derived risk score. In particular, frequent ED visits before PCI, anticoagulation, and anxiety noted by clinicians are all independently associated with readmission risk over and above variables collected in large databases. Sociodemographic characteristics, such as homelessness and need for medical interpretation, are also associated with increased risk for readmission. These results have the potential to improve risk assessment for early readmission after PCI, and emphasize the role of unmeasured confounders in risk assessment.
